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ABSTRACT

Methods, systems, and apparatus, including computer pro
grams encoded on a computer storage medium , for speech
recognition using neural networks. A feature vector that
models audio characteristics of a portion of an utterance is

received . Data indicative of latent variables of multivariate
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factor analysis is received . The feature vector and the data
indicative of the latent variables is provided as input to a
neural network . A candidate transcription for the utterance is
determined based on at least an output of the neural network .
20 Claims , 5 Drawing Sheets
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on computer storage devices . A system of one or more
computers can be so configured by virtue of software ,
firmware , hardware , or a combination of them installed on
the system that in operation cause the system to perform the
5 actions . One or more computer programs can be so config
ured by virtue of having instructions that, when executed by

data processing apparatus, cause the apparatus to perform
Implementations may include one or more of the follow
10 ing features. For instance, receiving data indicative of latent
the actions .

variables of multivariate factor analysis includes receiving
data indicative of latent variables of multivariate factor
This specification describes technologies related
analysis of the audio signal that includes the utterance , and
providing, as input to a neural network , the feature vector
speech recognition .
15 and the data indicative of the latent variables includes
BACKGROUND
providing, as input to a neural network , the feature vector
and the data indicative of the latent variables of multivariate
Automatic speech recognition is an important technology factor analysis of the audio signal that includes the utterance .
that is used in mobile devices and other devices. In general, The utterance is uttered by a speaker, and receiving data
automatic speech recognition attempts to provide accurate 20 indicative of latent variables of multivariate factor analysis
transcriptions of what a person has said .
includes receiving data indicative of latent variables of
multivariate factor analysis of an audio signal that (i ) does
SUMMARY
not include the utterance and ( ii ) includes other utterances
uttered by the speaker. Receiving data indicative of latent
Neural networks can be used in speech recognition, for 25 variables of multivariate factor analysis includes receiving
example , as acoustic models that can indicate likelihoods an i - vector indicating time- independent audio characteris
FIELD

that audio data corresponds to certain units of speech . Input
to a neural network used for speech recognition can include
information about the acoustic features of a portion of an
utterance, as well as other information, such as information 30

tics , and providing, as input to a neural network , the feature
vector and the data indicative of the latent variables includes
providing, as input to a neural network, the feature vector
and the i - vector.

independent of what words were spoken . Using an explicit
measure of audio characteristics that are not indicative of the

feature vector and the data indicative of the latent variables
to a neural network trained using audio data and data

indicating characteristics of the speaker's voice , characterImplementations may include one or more of the follow
istics of background audio conditions , and / or characteristics ing features. For instance , the utterance is uttered by a
of the utterance as a whole . In some implementations, latent speaker, and the data indicative of latent variables of mul
variables of a multivariate factor analysis model and acous- tivariate factor analysis is first data indicative of latent
tic features are both input to a neural network to recognize 35 variables of multivariate factor analysis. The method
speech .
includes determining that an amount of audio data received
An audio signal may include information about many satisfies a threshold ; in response to determining that the
different factors . For example , in addition to indicating amount of audio data received satisfies the threshold , obtain
which words were spoken, an audio signal may include ing second data indicative of latent variables of multivariate
information about other factors such as background noise , 40 factor analysis , the second data being different from the first
room characteristics (e.g. , reverberations), and recording data ; providing, as input to the neural network , a second
channel properties, as well as the speaker's speaking style, feature vector that models audio characteristics of a portion
gender, age , and accent. The information about these other of a second utterance and the second data ; and determining
factors can distract from the content of the speech ( e.g. , the a candidate transcription for the second utterance based on
identity of the words spoken ) making speech recognition 45 at least a second output of the neural network . Providing, as
difficult. To improve speech recognition, a neural network input to a neural network, the feature vector and the data
can be provided a measure of audio characteristics that are indicative of the latent variables includes providing the

words spoken, the neural network may be able to isolate or 50 indicative of latent variables of multivariate factor analysis
filter out the distracting audio characteristics and better corresponding to the audio data . Determining the candidate
identify the words or components of words that were spo- transcription for the utterance based on at least an output of
ken . Latent variables of multivariate factor analysis or other the neural network includes: receiving , as an output of the
information may be provided to a neural network when neural network , data indicating a likelihood that the feature
training the neural network and when using the trained 55 vector corresponds to a particular phonetic unit; and deter
neural network to recognize speech .
mining the candidate transcription based on the data indi
In a general aspect , a method performed by data process- cating the likelihood that the feature vector corresponds to
ing apparatus includes: receiving a feature vector that mod- the particular phonetic unit .
els audio characteristics of a portion of an utterance; receivImplementations may include one or more of the follow

ing data indicative of latent variables of multivariate factor 60 ing features. For instance, the method can include recogniz
analysis ; providing, as input to a neural network , the feature ing a first portion of a speech sequence by providing a
vector and the data indicative of the latent variables ; and feature vector to an acoustic model that does not receive data
determining a candidate transcription for the utterance based indicative of latent variables of multivariate factor analysis
as input, and after recognizing the first portion of the speech
on at least an output of the neural network .
Other implementations of this and other aspects include 65 sequence, determining that at least a minimum amount of
corresponding systems, apparatus, and computer programs, audio of the speech sequence has been received . The utter
configured to perform the actions of the methods, encoded ance may occur in the speech sequence after the first portion ,
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receiving data indicative of latent variables of multivariate
In the illustrated example, a user 102 of the client device
factor analysis includes receiving data indicative of latent 110 speaks, and the client device 110 records audio that
variables of multivariate factor analysis of received audio includes the speech . The client device 110 transmits the
including the first portion of the speech sequence. Providing, recorded audio signal 112 to the computing system 120 over
as input to a neural network , the feature vector and the data 5 the network 130 .
computing system 120 receives the audio signal 112
indicative of the latent variables includes providing the andThe
obtains information about acoustic features of the audio
feature vector and the data indicative of the latent variables
as input to a neural network that is different from the signal 112. For example, the computing system 120 may
acoustic model . The method includes: receiving a second generate a set of feature vectors 122 , where each feature
feature vector that models audio characteristics of a second 10 vector 122 indicates audio characteristics during a different
portion of the utterance ; providing, as input to a neural portion or window of the audio signal 112. Each feature
network , the second feature vector and the data indicative of vector 122 may indicate acoustic properties of, for example,
a 10 millisecond (ms), 25 ms , or 50 ms portion of the audio
the latent variables; and receiving a second output from the signal
112 .

neural
network. Determining the candidate transcription for
the utterance is based on at least the output of the neural 15 The computing system 120 also obtains additional infor

mation 126. The additional information 126 may be indica
tive of audio characteristics that are independent of the
words spoken by the user 102. For example, the additional
information 126 may indicate audio features that correspond
potential features, aspects , and advantages of the subject 20 toproperties
one or, more
of background
channel
the speaker's
speakingnoise
style,, recording
the speaker's
gen
matter will become apparent from the description , the draw
der, the speaker's age , and / or the speaker's accent. While the
ings, and the claims.
feature vectors 122 may be indicative of audio characteris
tics of specific portions of the particular words spoken, the
BRIEF DESCRIPTION OF THE DRAWINGS
25 additional information 126 may be indicative of general
FIG . 1 is a block diagram that illustrates an example of a characteristics of the audio signal 112 .
system 100 for speech recognition using neural networks .
As discussed further below, the additional information
FIG . 2 is a diagram 200 that illustrates an example of 126 can include latent variables of multivariate factor analy
processing for speech recognition using neural networks.
sis (MFA ) of the audio signal 112 or of one or more other
FIG . 3 is a diagram 300 that illustrates an example of 30 audio signals . The latent variables may be accessed from
processing to generate latent variables of factor analysis.
data storage , received from another system , or calculated by
FIG . 4 is a flow diagram that illustrates an example of a the computing system 120. To obtain the additional infor
process 400 for speech recognition using neural networks . mation 126 , the feature vectors 112 , or other feature vectors
FIG . 5 is a flow diagram that illustrates an example of a derived from the audio signal 112 , may be analyzed by a
35 factor analysis model . The factor analysis model may create
process 500 for training a neural network .
Like reference numbers and designations in the various a probabilistic partition of an acoustic space using a Gauss
ian Mixture Model , and then average the feature vectors
drawings indicate like elements .
associated with each partition. The averaging can be a soft
DETAILED DESCRIPTION
averaging weighted by the probability that each feature

network and the second output of the neural network .
The details of one or more embodiments of the subject
matter described in this specification are set forth in the
accompanying drawings and the description below . Other

40 vector belongs to the partition . The result of processing with
FIG . 1 is a block diagram that illustrates an example of a the factor analysis model can be an i -vector, as discussed
system 100 for speech recognition using neural networks. further below.
The system 100 includes a client device 110 , a computing
A variety of different types of additional information 126
system 120 , and a network 130. In the example, the com- may be used . In some implementations, the additional
puting system 120 provides information about an utterance 45 information 126 is determined from the particular audio
and additional information to a neural network 140. The signal 112 that is being recognized . The additional informa
computing system 120 uses output from the neural network tion 126 can include feature vectors that are produced with
140 to identify a transcription for the utterance.
different from the processing used to generate the feature
In some implementations, the computing system 120 vectors 122. In some implementations, the additional infor
receives a feature vector that models audio characteristics of 50 mation 126 is determined from audio other than the particu
a portion of an utterance . The computing system may lar audio signal 112 that is being recognized. For example,
receive data indicative of latent variables of multivariate the additional information 126 may indicate characteristics
factor analysis. The computing system 120 may provide, as of other speech of the user 102 , typical background noise at
input to a neural network , the feature vector and the data the location of the user 102 , or speech of other users ( e.g. ,

indicative of the latent variables . The computing system 120 55 users with the same age and gender ). In some implementa

may determine a candidate transcription for the utterance
based on at least an output of the neural network .

In the system 100 , the client device 110 can be , for

example , a desktop computer, laptop computer, a tablet

tions , some or all of the additional information 126 indicates

characteristics of the speaker or the recording environment
additional information 126 may be data that indicates an age

without indicating audio characteristics. As an example, the

computer, a wearable computer, a cellular phone, a smart 60 or gender of the speaker. As another example, the additional

phone , a music player, an e - book reader, a navigation
system , or any other appropriate computing device. The
functions performed by the computing system 120 can be
performed by individual computer systems or can be dis-

information 126 may indicate that the user is located in a
restaurant, train station , or other type of location .
In the illustrated example, the computing system 120
inputs the feature vectors 122 and the additional data 126 to

can be wired or wireless or a combination of both and can

trained to act as an acoustic model . For example, the neural
network 140 indicates likelihoods that feature vectors cor

tributed across multiple computer systems. The network 130 65 the neural network 140. The neural network 140 has been
include the Internet.

US 10,930,271 B2
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respond to different speech units when the feature vectors analysis ( PCA) or linear discriminant analysis ( LDA) . Tech
and certain types of additional information are provided .
niques for obtaining an i - vector are described further below
The neural network 140 produces neural network outputs with respect to FIG . 3 .
142 , which the computing system 120 uses to identify a
The computing system 120 uses a neural network 270 that
transcription 160 for the audio signal 112. For example, the 5 can serve as an acoustic model and indicate likelihoods that
computing system 120 may provide the neural network acoustic feature vectors 240 represent different phonetic
outputs 142 to , for example, weighted finite state transducers units. The neural network 270 includes an input layer 271 ,
that approximate a hidden Markov model (HMM) , which a number of hidden layers 272a - 272c , and an output layer
may include information about a lexicon indicating the 273. The neural network 270 receives an i - vector as input as
phonetic units of words, a grammar, and a language model 10 well as receiving acoustic feature vectors . Many typical
that indicates likely sequences of words . The output of the neural networks used for speech recognition include input
HMM can be a word lattice from which the transcription 160 connections for receiving only acoustic feature information .
may be derived . The computing system 120 then provides By contrast, the neural network 270 receives acoustic feature
the transcription 160 to the client device 110 over the information augmented with additional information such as
network 130 .
15 an i -vector. For example, the first hidden layer 272a has
FIG . 2 is a diagram 200 that illustrates an example of connections from the i - vector input portion of the input layer
processing for speech recognition using neural networks. 271 , where such connections are not present in typical neural
The operations discussed are described as being performed networks used for speech recognition.
by the computing system 120 , but may be performed by
other
systems, including combinations of multiple computing systems .

The neural network 270 has been trained to estimate

20 likelihoods that a combination of feature vectors and an

signal 210 that includes speech to be recognized. The
computing system 120 or another system then performs

i - vector represent particular phonetic units. For example,
during training, input to the neural network 270 may be a
combination of acoustic feature vectors and an i - vector
corresponding to the utterance from which the acoustic

computing system 120 analyzes different segments or analy-

tic feature vectors and an i - vector can be used to train the

sis windows 220 of the audio signal 210. The windows 220
are labeled wo Wn , and as illustrated, the windows 220
can overlap. For example , each window 220 may include 25

neural network 270 , and the various training data sets can
include acoustic feature vectors and i -vectors derived from
utterances from multiple speakers.

may represent the portion of audio signal 210 from a start
an end time of 25 ms , and the next window
220 , labeled W1 , may represent the portion of audio signal

with different sets of acoustic feature vectors 240. In the

The computing system 120 receives data about an audio

feature extraction on the audio signal 210. For example, the 25 feature vectors were derived . Many inputs combining acous
ms of the audio signal 210 , and a new window 220 may 30 To recognize speech in the audio signal 210 using the
begin every 10 ms . For example, the window 220 labeled wo neural network 270 , the computing system 120 inputs the
time of 0 ms

i - vector 250 at the input layer 271 of the neural network 270
example, the neural network 270 receives a set 245 of

120 from a start time of 10 ms to an end time of 35 ms . In 35 acoustic feature vectors 240 that includes (i ) an acoustic
this manner, each window 220 includes 15 ms of the audio feature vector 240 for a window 220 of speech to be
signal 210 that is included in the previous window 220 .
recognized and ( ii ) one or more acoustic feature vectors 240
The computing system 120 performs a Fast Fourier Trans- that serve as context. The set 245 can include acoustic
form (FFT ) on the audio in each window 220. The results of feature vectors 240 corresponding to a predefined number of
the FFT are shown as time - frequency representations 230 of 40 consecutive windows 220. In the example, the set 245
the audio in each window 220. From the FFT data for a includes the acoustic feature vector 240 labeled V1 , which
window 220 , the computing system 120 extracts features indicates features of audio in the window 220 labeled w1 . As
that are represented as an acoustic feature vector 240 for the context for this feature vector, the set 245 also includes the

window 220. The acoustic features may be determined by acoustic feature vectors 240 labeled v and V2 , which respec
binning according to filterbank energy coefficients, using a 45 tively indicate features of audio in the windows 220 imme
mel- frequency ceptral component (MFCC ) transform , using diately preceding and immediately following the window
a perceptual linear prediction ( PLP ) transform , or using 220 labeled w1 . The set 245 of acoustic feature vectors 240
other techniques. In some implementations, the logarithm of and the i - vector 250 are concatenated or stacked together to
the energy in each of various bands of the FFT may be used form the complete input to the neural network 270 .
50
At the output layer 273 , the neural network 270 indicates
to determine acoustic features.
The acoustic feature vectors 240 , labeled v1 . Vn include likelihoods that the speech in the window 220 under analysis
values corresponding to each of multiple dimensions. As an (e.g. , the window wi corresponding to acoustic feature
example, each acoustic feature vector 240 may include a vector v? ) corresponds to specific phonetic units . In some
value for a PLP feature, a value for a first order temporal implementations, the phonetic units used are phones or

difference , and a value for a second order temporal differ- 55 components of phones . In the example, the potential phones

ence , for each of 13 dimensions, for a total of 39 dimensions

per acoustic feature vector 240. Each acoustic feature vector
240 represents characteristics of the portion of the audio

are referred to as so . Sm . The phones may be any of the
various phones in speech , such as an “ ah ” phone, an “ ae ”
phone, a “ zh ” phone, and so on . The phones So. Sm may
include all of the possible phones that may occur in the audio

i - vector 250. In the example, the i - vector 250 indicates latent
variables of multivariate factor analysis. The i - vector 250

of acoustic states given the data at the input layer 271. The
output layer 273 can provide a value , for each state of each

variance . In addition, or as an alternative, the i - vector 250

vector Vi represents the particular state of the particular

signal 210 within its corresponding window 220 .
The computing system 120 also obtains an i -vector 250. 60 signal 210 , or fewer than all of the phones that may occur .
For example, the computing system 120 may process the Each phone can be divided into three acoustic states.
audio signal 210 with an acoustic model 260 to obtain the
The output layer 273 provides predictions or probabilities

may be normalized , for example, to have a zero mean unit 65 phone, that indicates the probability that the acoustic feature
may be projected, for example, using principal component

phone. For example, for a first phone, so , the output layer
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273 can provide a first value that indicates a probability
P ( $ o_1 | X ) , which indicates a probability that the window w 1
includes the first acoustic state of the so phone, given the set
of input,X , provided at the input layer 271. For a first phone,

In some implementations, the i - vector 250 may be a
using multiple utterances of the speaker ( e.g. , utterances
from multiple different recording sessions , such as record

speaker i - vector that is pre - computed for a particular speaker

S? , the output layer 273 can provide a second value indicat- 5 ings on different days ) . To generate a speaker i -vector, an
ing a probability P ( $ o_21X ), indicating a probability that the i - vector can be determined for each utterance in a set of

multiple utterances of the speaker. The i -vectors can be
averaged together to obtain generate the speaker i - vector. In
some implementations, where a speaker i - vector is used
271. Similar outputs can be provided for all states of all of 10 rather
than an utterance i - vector derived from the utterance
the phones so Sm
being
recognized
processing may discriminative train
The computing system 120 provides different sets of ing , such as LDA,, post
to
identify
attributes that are indicative of
acoustic feature vectors 240 to the neural network 270 to
speaker
characteristics
.
For
example
, various techniques can
receive predictions or probabilities of the acoustic states in be used to isolate speaker characteristics
, independent of
the different windows 220. The computing system 120 may 15 noise, room characteristics, and other non -speaker-depen
apply a sliding window to the acoustic feature vectors 240 dent characteristics.
to select different sets . In the example, the sliding window
Unlike an i -vector computed using the actual audio signal
has a size of three acoustic feature vectors 240. For example, 210 being recognized, i - vectors derived from prior utter
the computing system 120 may provide acoustic feature ances may not reflect the particular background noise char
vectors 240 V1 , V2 , and V3 and the i - vector 250 as input to the 20 acteristics of the audio signal 210. These i -vectors will
neural network 270 to obtain output values regarding the indicate characteristics of the speaker's voice and speaking
speech in window W2 . The computing system 120 may style and are thus useful in recognition . In addition , the noise
provide acoustic feature vectors 240 V2 , V3 , and V4 and the in prior utterances may be similar to the noise in the current
i - vector 250 as input to the neural network 270 to obtain utterance . The speaker i -vector may be calculated from a set
output values regarding the speech in the window W3 . In this 25 recent utterances, such as a predetermined number of most
manner, the computing system 120 may obtain outputs recent utterances or audio acquired within a threshold time
corresponding to each position of the sliding window across period , which may approximate the noise conditions of the
the acoustic feature vectors 240 .
current utterance if the recent utterances were recorded in a
As the sliding window is moved across the acoustic similar setting
feature vectors 240 and different sets of acoustic feature 30 Recognition latency may be reduced by using i -vectors
vectors 240 are input to the neural network 270 , the same that are computed prior to receiving some or all of the audio
i - vector 250 may be included in the input. The i -vector 250 signal 210. For example, the computing system 120 may use
indicates con ant or overall properties of the audio signal a pre - computed i -vector derived from other utterances
210 as a whole . As a result, the information in the i - vector begin recognizing initial portions of the audio signal 210 ,
250 is independent of the particular acoustic states that may 35 without waiting for the entire audio signal 210 to be
received . Thus the recognition techniques described above
occur at specific windows 220 .
The output of the neural network 270 is provided to a set may be used in a continuous speech recognition or " stream
of weighted finite state transducers that represents a lan- ing ” scenario in which recognition proceeds while audio
guage model composed with context information , a lexicon , streams in .
and a grammar . The set of weighted finite state transducers 40 In some implementations, the computing system 120 may
can approximate an HMM . The weighted finite state trans- identify the speaker and select an i -vector based on the
ducers output a word lattice that the computing system 120 speaker's identity. An i -vector may be calculated for each of
can use to determine a transcription for the audio signal.
multiple users , and the i - vectors may be stored for later use
As indicated above , each output from the neural network in recognizing speech of the corresponding users . The
270 can include a posterior probability P ( state | X ), repre- 45 computing system 120 may receive a device identifier for a
senting a likelihood of a particular acoustic state given the device, such as a mobile phone , that the speaker is using to
current set of input data , X. In some implementations, the record speech . In addition, or as an alternative, the comput
computing system 120 divides the posterior, P ( state | X ) by ing system 120 may receive a user identifier that identifies
the prior, P ( state ) , to generate a scaled posterior probability the user, such as a name or user account login . The com
for each output. The resulting scaled posterior probabilities 50 puting system 120 may identify the speaker as a user that
are then input to the weighted finite state transducers for owns the device or a user is logged into a user account on
further processing.
the device . In some implementations, the computing system
In the example of FIG . 2 , the sliding window of acoustic 120 may identify the speaker before recognition begins, or
feature vectors 240 includes three acoustic feature vectors before audio is received during the current session . The
240. More or fewer acoustic feature vectors 240 may be 55 computing system 120 may then look up the i -vector that
provided in each set of input to the neural network 270. For corresponds to the identified user and use that i - vector to
example, 2 , 3 , 5 , 10 , or another number of feature vectors for recognize received speech .
windows 220 before and after a central vector may be input
In some implementations, a successive approximation
simultaneously to the neural network 270 .
technique may be used to approximate and re - estimate the
In some implementations, the i -vector 250 is a current 60 i - vector 250 while audio is received . The i -vector 250 may
utterance i - vector derived from the current utterance (e.g. , be re -estimated at a predetermined interval, for example,
the particular audio signal 210 ) being recognized . In some each time a threshold amount of new audio has been
implementations, the i -vector 250 is derived from audio received . For example, a first i -vector may be estimated
signals other than the audio signal 210 containing the using the initial three seconds of audio received . Then, after
utterances being recognized. For example , the i - vector 250 65 another three seconds of audio has been received , a second
may be derived from a prior utterance of the same speaker i - vector may be estimated using the six seconds of audio
window wi includes the second acoustic state of the so
phone , given the set of input, X , provided at the input layer

whose utterances are included in the audio signal 210 .

received so far. After another three seconds , a third i - vector
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may be estimated using all nine seconds of audio received ,

vectors of the utterances 321 regardless of the phones or

and so on . The re - estimation period may occur at longer
intervals , such as 10 seconds or 30 seconds , to reduce the

acoustic states that the acoustic feature vectors represent. As
a result, acoustic feature vectors corresponding to different

amount of computation required . In some implementations, phones and acoustic states are used to train the GMM 330 .
i - vectors are re - estimated at pauses in speech (e.g. , as 5 For example , all of the acoustic feature vectors from all of
detected by a speech energy or voice activity detection the utterances 321 in the training data 320 can be used to
algorithm ), rather than at predetermined intervals .
train the GMM 330. In this respect, the GMM 330 is
An i - vector derived from a small segment of an utterance different from GMMs that are trained with only the acoustic
may introduce some inaccuracy compared to an i -vector for feature vectors for a single phone or a single acoustic state .
the entire utterance, but as more audio is received , the 10 When the sample utterance 310 is received , the comput
estimated i -vectors approach the accuracy of an i - vector ing system 120 determines acoustic feature vectors that
derived from the whole utterance . In addition, audio from describe the utterance 310. The computing system 120
recent utterances (e.g. , audio from a predetermined number classifies the acoustic feature vectors of the utterance 310
of most recent utterances or audio acquired within a thresh- using the GMM 330. For example, the Gaussian 331 that
old period of the current time ) may be used with received 15 corresponds to each acoustic feature vector of the sample
audio to estimate the i - vectors , which may further reduce utterance 310 may be identified . The computing system 120
any inaccuracy present in the estimates .
then re - estimates the Gaussians 331 that are observed in the
In some implementations, the computing system 120 sample utterance 310 , illustrated as re -estimated Gaussians
transitions from using a first i -vector to a second i - vector 335 shown in dashed lines . As an example, a set of one or

during recognition of an utterance . For example , the com- 20 more acoustic feature vectors of the sample utterance 310
puting system 120 may begin by using a first i - vector may be classified as matching a particular Gaussian 331a
derived from a previous utterance . After a threshold amount
of audio has been received (e.g. , 3 , 5 , 10 , or 30 seconds ) , the

from the GMM 330. Based on this set of acoustic feature
vectors , the computing system 120 calculates a re - estimated
computing system 120 generates a second i - vector based on Gaussian 335a having a mean and / or variance different from
the audio received in the current session and uses the second 25 the Gaussian 331a . Typically, only some of the Gaussians
i - vector to process subsequently received audio .
331 in the GMM 330 are observed in the sample utterance
In some implementations, to reduce latency, the comput- 310 and re - estimated .
ing system 120 may recognize the initial portion of an
The computing system 120 then identifies differences
utterance with an acoustic model that does not receive an between the Gaussians 331 and the corresponding re -esti
i - vector as input. For example, a neural network trained as 30 mated Gaussians 335. For example, the computing system
an acoustic model using only acoustic feature vectors as 120 may generate difference vectors that each indicate
inputs or another acoustic model may be used . After receiv- changes in parameters between a Gaussian 331 and its
ing a threshold amount of audio that permits reliable esti- corresponding re -estimated Gaussian 335. Since each of the
mation of an i - vector, an i - vector is been calculated based on Gaussians is 39 - dimensional , each difference vector can
the received audio . The computing system 120 may then 35 have 39 values , where each value indicates a change in one
switch from recognizing received audio using the neural of the 39 dimensions.
network that does not receive i -vectors to recognizing
The computing system 120 concatenates or stacks the
speech using the neural network 270 that has been aug- difference vectors to generate a supervector 340. Because
mented to receive i - vectors as input.
only some of the Gaussians 331 were observed and re

FIG . 3 is a diagram 300 that illustrates an example of 40 estimated, a value of zero ( e.g. , indicating no change from
processing to generate latent variables of factor analysis . the original Gaussian 331 ) is included in the supervector 340

The example of FIG . 3 shows techniques for determining an
i -vector, which includes these latent variables of factor

for each the 39 dimensions of each Gaussian 331 that was
not observed in the sample utterance 310. For a GMM 330

utterances 321 having different background noise conditions , and utterances 321 having other differences. Each of
the utterances 321 is represented as a set of acoustic feature
vectors . Each of the acoustic feature vectors can be , for 60

GMM 330. The count vector 345 includes a value for each
Gaussian 331 in the GMM 330. As a result , for a GMM 330
having 1000 Gaussians, the count vector 345 for the utter
ance 310 would include 1,000 elements. Each value in the

manner that the acoustic feature vectors 240 are determined

the feature vectors of the utterance 310 with respect to a

analysis. I -vectors are time- independent components that having 1000 Gaussians that are each 39 - dimensional , the
represent overall characteristics of an audio signal rather 45 supervector 340 would include 39,000 elements . In many
than characteristics at a specific segment of time within an instances , Gaussians 331 and the corresponding re - estimated
utterance. I -vectors can summarize a variety of characteris- Gaussians 335 differ only in their mean values . The super
tics of audio that are independent of the phonetic units vector 340 can represent the differences between the mean
spoken , for example, information indicative of the identity values of the Gaussians 331 and the mean values of the
of the speaker, the language spoken, recording channel 50 corresponding re - estimated Gaussians 335 .
properties, and noise characteristics .
In addition to generating the supervector 340 , the com
The example of FIG . 3 illustrates processing to calculate puting system 120 also generates a count vector 345 for the
an i - vector 380 for a sample utterance 310. The computing utterance 310. The values in the count vector 345 can
system 120 accesses training data 320 that includes a represent oth order Baum - Welch statistics , referred to as
number of utterances 321. The training data 320 may include 55 counts or accumulated posteriors. The count vector 345 can
utterances 321 including speech from different speakers, indicate the relative importance of the Gaussians 331 in the

example, a 39 - dimensional vector determined in the same

in the example of FIG . 2 .

vector 345 can be the sum of the posterior probabilities of

particular Gaussian 331. For example, for a first Gaussian

The computing system 120 uses the utterances 321 to 331a , the posterior probability of each feature vector in the
train a Gaussian mixture model ( GMM) 330. For example, 65 utterance 310 is computed ( e.g. , the probability of occur
the GMM 330 may include 1000 39 - dimensional Gaussians rence of the feature vector as indicated by the first Gaussian
331. The GMM 330 is trained using the acoustic feature 331a ) . The sum of the posterior probabilities for the feature
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11
vectors in the utterance 310 is used as the value for the first

Gaussian 331a in the count vector 345. Posterior probabili-

ties for the each feature vector in the utterance 310 can be
calculated and summed for each of the other Gaussians 331
to complete the count vector 345 .
In the same manner that the supervector 340 and count

multiple dimensions. In some implementations, multiple

feature vectors are received, where each feature vector
indicates characteristics of a different segment of the utter

5

ance .

Data indicative of latent variables of multivariate factor
vector 345 was generated for the sample utterance 310 , the analysis is received (404 ) . The data can indicate audio
computing system 120 generates a supervector 350 and a characteristics that are independent of the particular words
count vector 355 for each of the utterances 321 in the that were spoken in the utterance. The data can be indicative
training data 320. The GMM 330 , the supervectors 350 , and 10 of latent variables ofmultivariate factor analysis of the audio
the count vectors 355 may be generated and stored before signal that includes the utterance to be recognized. The data
receiving the sample utterance 310. Then , when the sample can be indicative of latent variables of multivariate factor
utterance 310 is received , the previously generated GMM analysis of an audio signal that (i ) does not include the
330, supervectors 350 , and count vectors can be accessed utterance and ( ii ) includes other utterances uttered by the

from storage , which limits the amount of computation 15 speaker. For example, the data can be derived from speech
necessary to generate an i -vector for the sample utterance in a prior recording session or on a different day. The data
310 .
may be derived from multiple audio signals that include
The computing system 120 uses the supervectors 350 to speech of the speaker, recorded on different days or during
create a factor analysis module 360. The factor analysis different recording sessions . In some implementations, an
module 360 , like the GMM 330 and the supervectors 350 , 20 i - vector indicating time- independent audio characteristics
may be generated in advance of receiving the sample may be received .
utterance 310. The factor analysis module 360 can perform
The feature vector and the data indicative of the latent
multivariate factor analysis to project a supervector to a variables is provided as input to a neural network (406 ) .
lower- dimensional vector that represents particular factors Multiple feature vectors may be provided as part of the
of interest. For example , the factor analysis module may 25 input. The feature vector ( s ) and the data indicative of the
project a supervector of 39,000 elements to a vector of only latent variables are input together (e.g. , simultaneously ) as
a few thousand elements or only a few hundred elements. part of a single input data set . For example , the feature
The factor analysis module 360 , like the GMM 330 , is vector( s ) and data indicative of latent variables may be
trained using a collection of utterances, which may be the combined into a single input vector which is input to the
utterances in the same training data 320 used to generate the 30 neural network . In this manner, a set of input data to the
GMM 330. An adapted or re - estimated GMM may be neural network includes a time -dependent component, e.g. ,
determined for each of the i utterances [U1 , U2 , · , U ;] in the acoustic feature vector( s ) representing characteristics of
the training data
in the same manner that the re- specific windows of the utterance, and a time- independent
estimated Gaussians 335 are determined for the utterance component, e.g. , an i -vectors of latent variables that repre
310. A supervector 350 [ S ,, S2 , ... , S ] and count vector 355 35 sents general characteristics of the utterance as a whole .
[ C1 , C2 , C , ] for each utterance [U1 , U2 ,
U ;] is also
The neural network can be a neural network that has been

determined . Using the vector pairs [ Si , Ci ] for each utter- trained using audio feature data and data indicative of latent
ance , the factor analysis module 360 is trained to learn the variables of multivariate factor analysis corresponding to the
common range of movement of the adapted or re - estimated audio feature data. The neural network may have been
GMMs for the utterances [U ,, U2 ,
Uj ] relative to the 40 trained to provide estimates of probabilities of one or more
general GMM 330. Difference parameters between re -esti- phones or acoustic states based on input that includes a
mated GMMs and the GMM 330 are then constrained to combination of one or more feature vectors and data indica
move only over the identified common directions of move- tive of latent variables of multivariate factor analysis.
ment in the space of the supervectors . Movement is limited
A candidate transcription for the utterance based on at
to a manifold , and the variables that describe the position of 45 least an output of the neural network (408 ) . The output of the
the difference parameters over the manifold are denoted as
i - vectors . As a result , the factor analysis module 360 learns

a correspondence [ Si , C ] -i - vector ;, such that S // C ;= f(ivector; ) , where f ( ) is a linear function f ( x ) = T * x and T is a
matrix .
The computing system 120 inputs the supervector 340 and

count vector 345 for the sample utterance 310 to the trained
factor analysis module 360. The output of the factor analysis
module 360 is the i -vector 380 , which includes latent

neural network can indicate a likelihood that the feature
vector, or the entire set of input to the neural network,

50

corresponds to a particular phonetic unit , and the candidate
transcription can be determined based on this likelihood .
In some implementations, the speaker is identified . For
example, an identifier for the speaker or an identifier for a

device that records the utterance is received , and the speaker
is identified based on the received identifier. The data
indicative of latent variables may be selected based on the

variables of multivariate factor analysis . The i -vector 380 55 identity of the speaker. For example, data indicating latent
represents time-independent characteristics of the sample

variables of multivariate factor analysis may be determined

utterance 310 rather than characteristics of a particular for a particular speaker and stored in association with the
window or subset of windows within the sample utterance identifier, and then may be accessed and used to recognize
310. In some implementations, the i - vector 380 may include, utterances when the particular speaker is identified as the
60 speaker.
for example, approximately 300 elements.
FIG . 4 is a flow diagram that illustrates an example of a
In some implementations, it is determined that an amount
process 400 for speech recognition using neural networks. of audio data received satisfies a threshold . For example, it
The process 400 may be performed by data processing may be determined that the current audio signal being
apparatus, such as the computing system 120 described recognized has at least a minimum duration . In response to
above or another data processing apparatus.
65 determining that the threshold amount of audio has been
A feature vector that models audio characteristics of a received, second data indicative of latent variables of mul
portion of an utterance is received ( 402 ) . The feature vector tivariate factor analysis may be received , where the second
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data being different from the first data . The neural network vectors for the utterance , or the i - vector may be accessed
can be provided input that includes a second feature vector, from data storage or another system .
which models audio characteristics of a portion of a second
The feature vector and the data indicative of the latent
utterance, and the second data. A candidate transcription for variables is provided as input to a neural network (508 ) .
the second utterance may be determined based on at least a 5 Multiple feature vectors may be provided as part of the
second output of the neural network produced from the input. For example, a set of input data to the neural network
13

may include a central feature vector, contextual feature

second feature vector and the second data .

The process 400 may include recognizing a first portion of

vectors , and an i -vector provided simultaneously at an input

a speech sequence by providing a feature vector to an layer of the neural network .
acoustic model that does not receive data indicative of latent 10 The neural network is updated ( 510 ) . Forward propaga
variables of multivariate factor analysis as input. After tion through the neural network produces outputs at an

recognizing the first portion of the speech sequence, it may

output layer of the neural network . The outputs may be

be determined that at least a minimum amount of audio of

compared with data indicating correct or desired outputs that

the speech sequence has been received . The utterance may

indicate that the received feature vector corresponds to the
occurs in the speech sequence after the first portion, and the 15 acoustic state indicated in a received label for the feature
received data may be indicative of latent variables of mul- vector. A measure of error between the actual outputs of the
tivariate factor analysis of received audio including the first neural network and the correct or desired outputs is deter

portion of the speech sequence. To provide input to the mined . The error is then backpropagated through the neural
neural network, the input may be provided to neural network network to update the weights within the neural network .
that is different from the acoustic model used to recognize 20 The process 500 may be repeated for feature vectors
the first portion of the speech sequence.
extracted from multiple different utterances in a set of
The process 400 may include receiving a second feature
training data . For each utterance or audio recording in the
vector that models audio characteristics of a second portion training data , an i -vector may be calculated based on char
of the utterance . The second feature vector and the data

acteristics of the utterance as a whole . Whenever a feature

neural network . A second output of the neural network is
received , and the candidate transcription for the utterance is
determined based on at least the first output of the neural
network and the second output of the neural network .
In some implementations, the same data indicative of 30
variables of multivariate factor analysis is input to the neural

neural network , the i -vector calculated for the particular
utterance may also be input to the neural network at the same
time . During training, the frames selected for training can be
selected randomly from a large set , so that frames from the
same utterance are not processed consecutively .
A number of implementations have been described . Nev

feature vectors representing portions of the utterance. For
example, a second feature vector that models audio characteristics of a second portion of the utterance can be received .
The second feature vector and the data indicative of the
latent variables can be provided as input to the neural
network . A second output from the neural network in
response to the second set of input to the neural network .
The candidate transcription for the utterance may be based
on at least the first output of the neural network and the
second output of the neural network .
FIG . 5 is a flow diagram that illustrates an example of a
process 500 for training a neural network . The process 500
may be performed by data processing apparatus, such as the
computing system 120 described above or another data
processing apparatus .
A feature vector is received (502 ) . The feature vector
models audio characteristics of a portion of an utterance .
The feature vector can include values that indicate acoustic
features for each of multiple dimensions . In some implementations, multiple feature vectors are received . For
example, a set of acoustic feature vectors that correspond to
multiple consecutive windows of an utterance can be

may be made without departing from the spirit and scope of
the disclosure . For example, various forms of the flows
shown above may be used, with steps re - ordered , added , or
removed .
Embodiments and all of the functional operations
described in this specification may be implemented in digital
electronic circuitry, or in computer software , firmware, or
hardware , including the structures disclosed in this specifi
cation and their structural equivalents, or in combinations of
one or more of them . Embodiments may be implemented as
one or more computer program products, i.e. , one or more
modules of computer program instructions encoded on a
computer -readable medium for execution by, or to control
the operation of, data processing apparatus. The computer
readable -medium may be a machine - readable storage
device, a machine- readable storage substrate, a memory
device , a composition of matter affecting a machine-read
able propagated signal, or a combination of one or more of
them . The computer - readable medium may be a non - tran
sitory computer -readable medium . The term " data process
ing apparatus” encompasses all apparatus, devices, and
machines for processing data , including by way of example

indicative of the latent variables are provided as input to the 25 vector for a particular utterance is provided as input to the

network with different feature vectors or different sets of

35

40

45
50

ertheless, it will be understood that various modifications

received . The set may include a central feature vector and 55 a programmable processor, a computer, or multiple proces
contextual feature vectors that indicate the context that

sors or computers. The apparatus may include , in addition to

hardware, code that creates an execution environment for the
Data is received that indicates an acoustic state of the computer program in question , e.g. , code that constitutes
received feature vector ( 504 ) . As an example, a label for the processor firmware, a protocol stack , a database manage
feature vector may indicate that the feature vector represents 60 ment system , an operating system , or a combination of one
the “ ah_1" acoustic state , or the " zh_3” acoustic state, or or more of them . A propagated signal is an artificially
generated signal , e.g. , a machine- generated electrical, opti
another acoustic state .
Data indicative of latent variables of multivariate factor cal , or electromagnetic signal that is generated to encode
analysis is received ( 506 ) . The data can be an i - vector information for transmission to suitable receiver apparatus.
indicating latent variables of multivariate factor analysis of 65 A computer program ( also known as a program , software,
the utterance from which the received feature vector was software application, script , or code) may be written in any
extracted . The i - vector may be computed from feature form of programming language, including compiled or
occurs before and / or after the central feature vector.
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interpreted languages, and it may be deployed in any form , implementation of the techniques disclosed , or any combi
including as a standalone program or as a module, compo- nation of one or more such back end, middleware, or front
nent, subroutine, or other unit suitable for use in a computing end components. The components of the system may be
environment. A computer program does not necessarily interconnected by any form or medium of digital data
correspond to a file in a file system . A program may be stored 5 communication, e.g. , a communication network. Examples
in a portion of a file that holds other programs or data ( e.g. , of communication networks include a local area network
one or more scripts stored in a markup language document ), (“ LAN ” ) and a wide area network (“ WAN ” ) , e.g. , the
in a single file dedicated to the program in question, or in Internet.
multiple coordinated files (e.g. , files that store one or more
The computing system may include clients and servers . A
modules, sub programs, or portions of code ) . A computer 10 client and server are generally remote from each other and
program may be deployed to be executed on one computer typically interact through a communication network . The
or on multiple computers that are located at one site or relationship of client and server arises by virtue of computer
distributed across multiple sites and interconnected by a programs running on the respective computers and having a
communication network .
client - server relationship to each other .
The processes and logic flows described in this specifi- 15 While this specification contains many specifics, these
cation may be performed by one or more programmable should not be construed as limitations , but rather as descrip
processors executing one or more computer programs to tions of features specific to particular embodiments. Certain
perform functions by operating on input data and generating features that are described in this specification in the context
output. The processes and logic flows may also be per- of separate embodiments may also be implemented in com
formed by, and apparatus may also be implemented as , 20 bination in a single embodiment. Conversely, various fea
special purpose logic circuitry , e.g. , an FPGA ( field pro- tures that are described in the context of a single embodi
grammable gate array ) or an ASIC ( application specific ment may also be implemented in multiple embodiments
integrated circuit ) .
separately or in any suitable subcombination. Moreover,
Processors suitable for the execution of a computer pro- although features may be described above as acting in
gram include , by way of example, both general and special 25 certain combinations and even initially claimed as such , one
purpose microprocessors, and any one or more processors of or more features from a claimed combination may in some
any kind of digital computer. Generally, a processor will cases be excised from the combination, and the claimed
receive instructions and data from a read only memory or a
random access memory or both . The essential elements of a

combination may be directed to a subcombination or varia
tion of a subcombination .

computer are a processor for performing instructions and 30 Similarly, while operations are depicted in the drawings in
a particular order, this should not be understood as requiring
data. Generally, a computer will also include, or be opera- that such operations be performed in the particular order

one or more memory devices for storing instructions and

tively coupled receive data from or transfer data to , or shown or in sequential order, or that all illustrated operations
both , one or more mass storage devices for storing data, e.g. , be performed , to achieve desirable results . In certain cir
magnetic, magneto optical disks , or optical disks . However, 35 cumstances, multitasking and parallel processing may be
a computer need not have such devices . Moreover, a com- advantageous. Moreover, the separation of various system
puter may be embedded in another device, e.g. , a tablet components in the embodiments described above should not
computer, a mobile telephone, a personal digital assistant be understood as requiring such separation in all embodi
( PDA) , a mobile audio player, a Global Positioning System ments , and it should be understood that the described

( GPS ) receiver, to name just a few . Computer readable 40 program components and systems may generally be inte
media suitable for storing computer program instructions grated together in a single software product or packaged into
and data include all forms of non - volatile memory , media multiple software products.
and memory devices, including by way of example semiThus, particular embodiments have been described . Other
conductor memory devices, e.g. , EPROM , EEPROM , and embodiments are within the scope of the following claims .
flash memory devices; magnetic disks, e.g. , internal hard 45 For example, the actions recited in the claims may be
disks or removable disks; magneto optical disks ; and CD- performed in a different order and still achieve desirable

ROM and DVD - ROM disks . The processor and the memory
may be supplemented by, or incorporated in , special purpose
logic circuitry.

To provide for interaction with a user , embodiments may
be implemented on a computer having a display device, e.g. ,
a CRT ( cathode ray tube ) or LCD ( liquid crystal display )
monitor, for displaying information to the user and a keyboard and a pointing device, e.g. , a mouse or a trackball, by
which the user may provide input to the computer. Other
kinds of devices may be used to provide for interaction with
a user as well ; for example, feedback provided to the user
may be any form of sensory feedback , e.g. , visual feedback ,
auditory feedback , or tactile feedback ; and input from the
user may be received in any form , including acoustic ,
speech , or tactile input.
Embodiments may be implemented in a computing system that includes a back end component, e.g. , as a data
server, or that includes a middleware component, e.g. , an
application server, or that includes a front end component,
e.g. , a client computer having a graphical user interface or
a Web browser through which a user may interact with an

results.

What is claimed is :

50

1. A method comprising:
obtaining a feature vector including values indicative of
audio characteristics of at least a portion of an utter
ance ;

obtaining an i - vector ;
providing the feature vector and the i - vector as input to an
55
input layer of a neural network comprising the input
layer, one or more hidden layers, and an output layer ;
and
determining a candidate transcription for the utterance
based on at least an output of the neural network that
60
the neural network provides at the output layer in
response to the feature vector and the i - vector being
provided at the input layer.
2. The method of claim 1 , wherein obtaining the i - vector
comprises obtaining an i - vector corresponding to an audio
65 signal that includes the utterance ; and
wherein providing the feature vector and the i -vector as

input to the neural network comprises providing, as
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input to the neural network , the feature vector and the
providing , as input to a neural network , the second feature
i - vector corresponding to the audio signal that includes
vector and the i -vector ; and
the utterance .
obtaining a second output from the neural network ;
3. The method of claim 1 , wherein the utterance is uttered 5 wherein determining the candidate transcription for the
by a speaker; and
utterance is based on at least the output of the neural
wherein obtaining the i -vector comprises obtaining an
network and the second output of the neural network .
i - vector of an audio signal that (i ) does not include the
10. The method of claim 1 , wherein the i -vector is a
utterance and (ii ) includes one or more other utterances current utterance i - vector determined based at least in part
uttered by the speaker.
on audio data for the utterance from which the feature vector
4. The method of claim 1 , wherein the neural network has 10 is derived .
been trained as a speech recognition model , and wherein the
11. The method of claim 1 , wherein the i -vector is an
output of the neural network comprises probability scores average
of multiple i -vectors for a speaker of the utterance .
for each of a plurality of different linguistic units .
12.
A
system comprising:
5. The method of claim 1 , wherein the neural network is
one
or
more computers ; and
an acoustic model , and the output of the neural network 15
comprises posterior probabilities of states of a hidden
one or more computer -readable media storing instructions
that, when executed by the one or more computers,
Markov model (HMM) .
cause the one or more computers to perform operations
6. The method of claim 1 , wherein the utterance is uttered
comprising:
by a speaker, and the i -vector is a first i -vector ;
20
obtaining a feature vector including values indicative of
further comprising:
audio characteristics of at least a portion of an
determining that an amount of audio data received
utterance ;
satisfies a threshold ;
in response to determining that the amount of audio
obtaining an i -vector ;
data received satisfies the threshold , obtaining a
providing the feature vector and the i -vector as input to
second i - vector, the second i - vector being different 25
an input layer of a neural network comprising the
from the first i -vector ;
input layer, one or more hidden layers, and an output
layer; and
providing, as input to the neural network, a second
feature vector that models audio characteristics of a
determining a candidate transcription for the utterance
portion of a second utterance and the second i- vec
based on at least an output of the neural network that
30
tor; and
the neural network provides at the output layer in
determining a candidate transcription for the second
response to the feature vector and the i -vector being
utterance based on at least second output of the
provided at the input layer.
neural network .
13. The system ofclaim 12 , wherein obtaining the i - vector
7. The method of claim 1 , wherein providing, as input to comprises obtaining an i - vector corresponding to an audio
a neural network , the feature vector and the i - vector com- 35 signal that includes the utterance ; and
prises providing the feature vector and the i -vector to a
wherein providing the feature vector and the i -vector as
neural network trained using audio data and i -vectors corinput to the neural network comprises providing, as
responding to the audio data;
input to the neural network , the feature vector and the
wherein determining the candidate transcription for the
i - vector corresponding to the audio signal that includes
utterance based on at least an output of the neural 40
the utterance .
network comprises:
14. The system of claim 12 , wherein the utterance is
obtaining, as an output of the neural network , data uttered by a speaker ; and
indicating a likelihood that the feature vector correwherein obtaining the i - vector comprises obtaining an
sponds to a particular phonetic unit ; and
i - vector of an audio signal that (i ) does not include the
determining the candidate transcription based on the 45
utterance and (ii ) includes one or more other utterances
data indicating the likelihood that the feature vector
uttered by the speaker.
corresponds to the particular phonetic unit .
15. The system of claim 12 , wherein the neural network
8. The method of claim 1 , further comprising:
has been trained as a speech recognition model, and wherein
recognizing a first portion of a speech sequence by the output of the neural network comprises probability
providing a feature vector to an acoustic model that 50 scores for each of a plurality of different linguistic units .
16. The system of claim 12 , wherein the neural network
does not receive i - vector as input; and
after recognizing the first portion of the speech sequence , is an acoustic model , and the output of the neural network
determining that at least a minimum amount of audio comprises posterior probabilities of states of a hidden
data of the speech sequence has been received ;
Markov model (HMM) .
55
wherein :
17. The system of claim 12 , wherein the utterance is
the utterance occurs in the speech sequence after the uttered by a speaker, and the i -vector is a first i -vector ;
first portion of the speech sequence ;
further comprising:
obtaining the i - vector comprises obtaining an i - vector
determining that an amount of audio data received
for the received audio data including the first portion
satisfies a threshold ;
60
of the speech sequence ; and
in response to determining that the amount of audio
providing, as input to a neural network , the feature
data received satisfies the threshold , obtaining a
vector and the i -vector comprises providing the
second i -vector, the second i - vector being different
from the first i -vector ;
feature vector and the i - vector as input to a neural
providing, as input to the neural network , a second
network that is different from the acoustic model .
65
9. The method of claim 1 , further comprising:
feature vector that models audio characteristics of a
obtaining a second feature vector that models audio
portion of a second utterance and the second i- vec
tor ; and
characteristics of a second portion of the utterance ;
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determining a candidate transcription for the second
utterance based on at least a second output of the

neural network .

18. The system of claim 12 , wherein the i - vector is a
current utterance i - vector determined based at least in part 5

on audio data for the utterance from which the feature vector
is derived .

19. One or more non -transitory computer - readable media

storing instructions that, when executed by one or more
computers , cause the one or more computers to perform 10
operations comprising:
obtaining a feature vector including values indicative of
audio characteristics of at least a portion of an utter
ance ;
15
obtaining an i - vector ;
providing the feature vector and the i - vector as input to an
input layer of a neural network comprising the input
layer, one or more hidden layers, and an output layer;
and
determining a candidate transcription for the utterance 20
based on at least an output of the neural network that
the neural network provides at the output layer in
response to the feature vector and the i - vector being
provided at the input layer.
20. The one or more non -transitory computer - readable 25
media of claim 19 , wherein the i - vector is a current utterance
i - vector determined based at least in part on audio data for
the utterance from which the feature vector is derived .

20

